We analyze a model in which traders have different trading opportunities and learn information from prices. The difference in trading opportunities implies that different traders may have different trading motives when trading in the same market-some trade for speculation and others for hedging-and thus they may respond to the same information in opposite directions. This implies that adding more informed traders may reduce price informativeness and therefore provides a source for learning complementarities leading to multiple equilibria and price jumps. Our model is relevant to various realistic settings and helps to understand a variety of modern financial markets. (JEL G14, G12, G11, D82)
Introduction
Modern financial markets are populated by different types of traders, who have different trading opportunities. In this paper, we demonstrate that this market segmentation feature has unexpected consequences for market efficiency and other aspects of asset prices. In a nutshell, the difference in trading opportunities implies that different traders have different motives when trading a given asset-some trade for speculation, while others trade for hedging-and this might reduce price efficiency and cause excess volatility.
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The market segmentation induced by traders with different trading opportunities is relevant to many real-world examples. We review some of them in Section 3. A leading example is the commodities futures markets. In this market, financial institutions are limited to trade in the futures contracts and use them for speculation purposes, while commodities producers trade the futures contracts mostly for hedging, as they fulfill their speculative activities directly in the production markets. Hence, in the commodity futures market, the different types of traders trade in different directions in response to information-some trade for speculation and others for hedging. This can lead to a reduction in price informativeness and an increase in the futures risk premium.
Other examples involve convertible bonds markets and credit default swaps (CDS) markets. Typically, some institutions, mostly hedge funds, trade in these markets while at the same time they also trade in the underlying bond or equity markets. Other traders, such as retail investors and traditional institutional investors, are limited to trading in the underlying traditional markets due to various frictions reviewed in Section 3.3. Hence, the situation highlighted by our analysis arises, as hedge funds may respond to information in the opposite direction in their trading in the underlying market than the traditional investors, leading to negative implications for market efficiency and an increase in the cost of capital. We discuss additional examples of similar segmentation, such as across international markets (where some investors are affected by home bias and others invest across borders), and with human capital markets.
We build a model to formally analyze the pricing and efficiency implications of the market segmentation featured in these real-world examples. Our model is based on the classic paper of Grossman and Stiglitz (1980) and extends it to consider multiple segmented markets. We have two types of (rational) traders-traders with a relatively small investment opportunity set, S-traders (e.g., individuals or mutual funds), and traders with a relatively large investment opportunity set, L-traders (e.g., hedge funds)-and two types of correlated risky assets-A (e.g., stocks, bonds) and B (e.g., convertible bonds, CDS). Markets are segmented, such that S-traders can only trade the A-asset, while L-traders can trade both types of assets. 1 All traders observe the prices of both assets. The two risky assets share a common fundamental component, and L-traders may use the commonly traded A-asset to hedge their investments in the B-asset (or vice versa). Before entering the financial market, S-traders can collect private information about the common fundamental at some cost, while L-traders are endowed with private information.
We solve the model in closed form and characterize how the prices of the two assets are determined. We further analyze how the cost of capital and price informativeness of these two assets depend on interesting model parameters, such as the number of L-traders and the profitability of speculative positions in We emphasize that the basic premise underlying our results is that markets are segmented in terms of the ability to move capital across markets and trade in different markets due to various frictions, but not so much in terms of price information. In other words, capital is relatively segmented and slow moving (e.g., Duffie 2010 ), but information is relatively integrated and fast moving, and traders actively use this information (e.g., Cespa and Foucault 2012) . In fact, we show in Appendix B.2 that our results hinge on the ability of traders to observe and understand market prices even in the markets in which they do not trade. We argue in Section 3.3 that this notion of segmentation/integration is very relevant for today's markets given the improvement of information technology on the one hand and the specialization and delegation of investment on the other hand, making it easy for information to flow across markets but putting frictions on the flow of capital.
Related literature
Our paper is broadly related to five strands of theoretical literature. First, our paper contributes to the literature that develops different mechanisms that generate strategic complementarity in information acquisition in financial markets. Froot, Scharfstein, and Stein (1992) show that if traders have short horizons, they may herd on the same type of information and learn what other informed traders also know. Hirshleifer, Subrahmanyam, and Titman (1994) demonstrate the possibility of strategic complementarity in collecting information when some traders receive private information before others. Veldkamp (2006a Veldkamp ( , 2006b ) relies on fixed costs in information production to generate strategic complementarities and explain large jumps and comovement in asset prices. Garcia and Strobl (2011) study how relative wealth concerns affect investors' incentives to acquire information. Veronesi (2000, 2008) and Breon-Drish (2011) generate strategic complementarities with non-normally distributed asset payoff structures. Our paper proposes a different mechanism for strategic complementarities in financial markets-namely that traders, who have related pieces of information but have different investment opportunity sets, may wish to trade an asset in different directions, thereby reducing price informativeness. As we argue in Section 3, our mechanism is relevant to various realistic settings and captures a key feature of modern financial markets.
Second, our paper is related to the literature on derivative markets. In particular, as we show in Section 3.1, our model can be viewed as a setting of the commodity futures market, and our analysis provides a new information channel for commodity hedgers to affect futures prices. By contrast, the literature has largely ignored this channel because most models are conducted in a setup without asymmetric information (see, e.g., Hirshleifer 1988a Hirshleifer , 1988b Gorton, Hayashi, and Rouwenhorst 2013) . The only exceptions that we are aware of are Stein (1987) and Sockin and Xiong (2013) . Our paper differs from and complements both papers in terms of research questions and mechanisms. Stein (1987) studies how speculation affects price volatility and welfare, and in his model, the entry of informed speculators brings into the price the noise in their signals, which lowers price informativeness and can lead to price destabilization and welfare reduction. Sockin and Xiong (2013) develop a model to study an information channel for commodity futures prices to feed back to commodity demand and spot prices, and provide implications for transparency and econometric implementations. In contrast, our model examines information transmission occurring in the futures market, and the negative informativeness effect is caused by behaviors of those traders who are informed of the same information but respond to this information in opposite directions. In addition, our analysis focuses on futures premiums and explores implications for learning.
The applications of our analysis to other derivatives also link our paper to the theoretical and empirical studies on options, CDS, etc. For example, Biais and Hillion (1994) develop a model to show that introducing options can alleviate the market breakdown problem by completing the markets, but can also complicate the information inference problem of market makers by complexifying the strategies of informed insiders. Chakravarty, Gulen, and Mayhew (2004) find evidence that informed traders trade in both stock and option markets and affect price discovery. Recently, Boehmer, Chava, and Tookes (2012) provide evidence that the trading in different derivative markets affects the equity market in different ways. Our paper complements those studies by highlighting a new channel (segmentation) through which the effect of informed trading on efficiency might be negative.
The third line of research related to our paper is the study of multiple assets in (noisy) rational expectations equilibrium settings. Admati (1985) is the first to analyze the properties of noisy rational expectations equilibria for a class of economies with many risky assets. Watanabe (2008) and Biais, Bossaerts, and Spatt (2010) extend Admati's model to an overlapping generation setting to study the effect of asymmetric information and supply shocks on portfolio choice, return volatility, and trading volume. Yuan (2005) introduces borrowing constraints into a two-asset model and shows how trading can cause contagion across two fundamentally independent markets. Van Nieuwerburgh and Veldkamp (2009 Veldkamp ( , 2010 show that the interactions between the multi-asset portfolio problem and the information acquisition problem help to explain the home-bias puzzle and the underdiversification puzzle. All the above-mentioned papers assume that all investors have equal access to the same investment vehicles, unlike the market-segmentation scenarios that are the focus of our paper. We demonstrate in Appendix B.1 that this segmentation is key to our results.
Fourth, a number of papers feature hedging-motivated trading in financial assets. Glosten (1989) , Spiegel and Subrahmanyam (1992) , Dow and Rahi (2003) , Goldstein and Guembel (2008) and Kyle, Ou-Yang, and Wei (2011) , among others, study Kyle (1985) -type models with endogenous noise trading generated from risk-averse uninformed hedgers who hedge their endowment at University of Pennsylvania Library on April 13, 2014 http://rfs.oxfordjournals.org/ Downloaded from risk optimally. Similar formulations of hedging motives also appear in Grossman-Stiglitz (1980) -type models-for example, Duffie and Rahi (1995) , Lo, Mamaysky, and Wang (2004) , Watanabe (2008) , Biais, Bossaerts, and Spatt (2010) and Huang and Wang (2010) . In all these papers, hedgers' endowments are assumed to be correlated with the performance of some underlying tradable asset, and hence they have an incentive to use the asset to hedge their endowment shocks. The hedging-motivated trading in this literature is mainly a device to prevent fully revealing prices and/or to complete the model (by endogenizing noise trading). In contrast, in our paper, the hedging-motivated trading on the (A-) asset does not come from the passive endowment shocks, but instead comes from the active trading from another related (B-) asset. This creates the inherent link between speculation and hedging, which is at the core of our model. This channel has strong empirical motivation and is particularly suitable for analyzing how different trading opportunities affect asset prices and information acquisition.
Finally, there are previous papers that analyzed different notions of segmentation in information-based models. For example, see Chowhdry and Nanda (1991) and Madhavan (1995) . They consider cases with multiple markets, where the information from one market may not be available to traders in the other market. In contrast, our notion of segmentation is that of different trading opportunities for different traders, and we do allow for information flows across markets. As we wrote above, we believe that nowadays, with the improved technology, segmentation does not occur in terms of price information but in terms of the ability to shift capital across markets (due to frictions involving delegation and specialization). Recently, Cespa and Foucault (2012) use a setting similar to ours (but without L-traders) to study how learning across segmented markets can generate liquidity comovement.
The Model

Environment
Time is discrete and has three dates (t = 0,1,2). At date 1, a competitive financial market opens, and there are three tradable assets: one riskless asset, and two risky assets, A and B. As in Grossman and Stiglitz (1980) , we set the price of the riskless asset to 1, and letp A andp B denote the prices of the two risky assets, respectively. 3 The riskless asset is in zero net supply, and each unit delivers one "dollar" at date 2. The riskless asset can be thought of as risk-free loans, and for simplicity, we have normalized the net interest rate to 0. 4 Assets A and B have a supply ofx A ≥ 0 andx B ≥ 0, respectively. At date 2, the A-asset pays a normally distributed random cash flowṽ A , and the B-asset pays a normally distributed random cash flowṽ B . As we will specify below, the payoffs of the two risky assets are assumed to be correlated.
There are two classes of rational traders in the economy: L-traders (of mass λ>0) and S-traders (of mass 1). Traders derive their expected utility only from their date-2 wealth; they have constant-absolute-risk-aversion (CARA) utility functions over wealth W : −e −γ W , where γ is the risk-aversion parameter. The crux of our model is the assumption that different traders have different investment opportunity sets. Specifically, L-traders have a larger investment opportunity set than S-traders: at date 1, L-traders can trade all three assets, while S-traders can trade only the riskless asset and the A-asset. 5 But, while trading opportunities are different across the two types of traders, they all observe both pricesp A andp B . This can be justified, given that nowadays investors can easily obtain this kind of price information via the Internet. Hence, our model features segmentation in trading opportunities and not in the observability of prices. We think that this fits the reality of modern financial markets, where capital may be slow to move across markets, but information is not. In Section 3.3, we will provide more general evidence for this feature in relevant real-world markets.
In both theA-asset market and the B-asset market, there are noise traders, who trade for exogenous liquidity reasons. We useñ A ∼ N 0,σ 2 nA (with σ nA > 0) to denote noise trading in the A-asset market andñ B ∼ N 0,σ 2 nB (with σ nB > 0) to denote noise trading in the B-asset market. For tractability, we assume that n A is independent ofñ B , which is reasonable given that the two markets are segmented.As is usually the case in the literature, noise trading can be generated by liquidity needs or distorted beliefs. Our results do not depend on the size of σ nA relative to σ nB .
Asset payoffs and information structure
At date 0, rational traders can purchase data that is useful in forecasting the payoffsṽ A andṽ B of the risky assets. If they do so, the signal they receive is θ, which can be thought of as the fundamental of the assets. The payoffs of the risky assets are then:
whereε A andε B are residual noise terms conditional on the signalθ. We assume that the signal and noise terms are normally distributed: 6 The two noise terms 5 One can think of the L-traders as being collectively endowed with the total supplyx B of asset B, while L-and S-traders together can be thought of as being collectively endowed with the total supplyx A of asset A. Because of the CARA feature of preferences, their individual endowments have no effect on the solution, and hence there is no need to specify them.
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http://rfs.oxfordjournals.org/ Downloaded from (ε A ,ε B ) are independent of the fundamentalθ , but are correlated with one another with the coefficient ρ ∈ (0,1). The parameter φ is greater than 0; it represents the sensitivity of asset B's payoff to the signal (the sensitivity of asset A's payoff is normalized to one). Let us clarify the payoff structure. Our model is meant to capture a situation in which two correlated assets are traded in segmented markets. Segmentation is represented by the fact that some traders have access to only one of the two markets. As mentioned above, we assume correlation across assets in fundamentals and in noise terms, and lack of correlation between each noise term and the fundamental. This generates the link between speculation and hedging, which is central to the main mechanism in our model. This structure can be justified by thinking of the "fundamentals" of the two risky assets as the result of estimation from data using an ordinary-least-squares regression. Since the payoffs on both assets are correlated, their estimated "fundamentals" as well as residual noise terms will be correlated, while, at the same time, the noise terms will be independent of the estimated fundamentals. Note that, for simplicity, we assume that the fundamentals of the two assets are captured by a single random variableθ, and are thus perfectly correlated. Our results are robust to a more general assumption that they are only imperfectly correlated.
Finally, we assume that L-traders have better access to data than S-traders. Specifically, L-traders can collect data at no cost (and so observeθ for sure), while S-traders have to spend a cost τ >0 to acquire the data and hence the signalθ . This assumption fits with the L-traders being more hands-on in these markets, which gives them more access to trading opportunities and to data about the underlying fundamentals. 7 An S-trader is called informed if he chooses to acquire the signalθ and uninformed otherwise. Like Grossman and Stiglitz (1980) , at date 1, the asset pricesp A andp B will partially reveal the signalθ through the trading of the informed S-traders and the L-traders. The uninformed S-traders can extract information aboutθ from observing prices. Of course, informed S-traders and L-traders also observe prices, but this extra price information is redundant in forecastingθ, given that they knowθ perfectly.
Timeline
The timeline of the model is as follows. At date 0, S-traders choose whether or not to acquire the signalθ at cost τ >0. L-traders costlessly observeθ . At date 1, the financial market opens. Informed and uninformed S-traders trade the riskless asset and the A-asset at prices 1 andp A , respectively. L-traders trade the riskless asset, the A-asset, and the B-asset at prices 1,p A , andp B , In Section 4, we provide the analysis of the model described in this section. But, before turning to the analysis, in the next section we discuss the empirical relevance of this model by describing a variety of real-world markets that are captured by our general setup.
Empirical Relevance of the Model
Speculation and hedging in a commodity futures market
As a leading example, in this subsection, we work out a setup of a commodity futures market that can exactly produce the model structure specified in the previous section. 8 In relation to our model setup, assets A and B correspond to a futures contract on the commodity and to the input that is used to produce the commodity, respectively. For concreteness, we can refer to the commodity as crops, and therefore asset A is the crop futures contract, and asset B can be the land that is used for growing crops. L-traders are the primary crop suppliers, such as crop producers, who trade crop futures to hedge their crops production and also buy land to conduct the production. S-traders are outside speculators such as futures mutual funds or hedge funds, who trade crop futures to speculate but do not trade the land directly. Noise tradingñ A andñ B represent random transient demands in the crop futures market and in the land market, respectively.
The sequence of events is as follows. At date 1, trade happens in the two asset markets-the crop futures market and the land market. Crop producers participate in both asset markets, and speculators trade only crops futures. Their trading decisions together with noise trading generate a futures pricep A and a land pricep B . At date 2, the crop spot price is determined based on the supply and demand for crops. This spot pricep crop pins down the payoff on the crop futures contract and the land that were traded at date 1.
In this example, it is clear that both of our key assumptions about the nature of segmentation are satisfied: (i) L-traders (crop producers) purchase land and trade crop futures, while S-traders (futures mutual/hedge funds) trade only crop futures; (ii) All traders are aware of the prices of land and crop futures, because the futures prices are readily available from the Chicago Mercantile Exchange As mentioned above, the payoffs on the futures contract and the land traded at date 1 are determined by the spot pricep crop of date 2. As in Hirshleifer (1988a Hirshleifer ( ,1988b , we assume that the demand for the crop Q p crop is implicitly derived from the preference of some (unmodeled) consumers and it is represented by a linear demand function:
Here,ṽ A represents an exogenous shock to consumers' crop demand. In equilibrium, as we will show,ṽ A , adjusted by a constant, will pin down the payoff to asset A (the futures contract on crops). To connect to Equation (1), we specify that the demand shockṽ A is decomposed as:ṽ A =θ +ε A . Here,θ is the component of which traders may be informed andε A is the one of which they are not informed. For example,θ can represent factors related to business cycles determining consumers' wealth level, on which there are many detailed macro data available that traders can purchase and analyze. In contrast,ε A may represent noise affecting consumers' personal taste parameters, which are hard to predict given available data sources. The land (the B-asset) has a fixed supply ofx B > 0. Suppose that each piece of land produces φ 1 > 0 units of crops at date 2. Therefore, the total supply of crops is φ 1xB . So, the market-clearing condition of the crop spot market at date 2 is:
that is, the total supply of crops produced by all pieces of land is equal to the total demand for crops from consumers. This equation implies that the crop spot price is:p
Hence, we can see that the payoff of the crop futures contract (i.e., theA-asset) is equal toṽ A adjusted by a constant −φ 1xB . 9 This is because, at date 1, the buyer of a crop futures contract promises to buy one unit of crop at date 2 at a prespecified pricep A , and so from the perspective of date 1, this contract is an asset that costsp A and generates a payoff equal to the date-2 crop spot pricẽ p crop . Of course, the supplyx A of the crop futures contract is 0, since it is a derivative traded among traders themselves.
We now specify the payoff of the B-asset (i.e., the land), which we denote asṽ B (as in Equation (1)). First, each piece of land will generate a payoff from the production of crops, which will be equal to the number of crops produced multiplied by the spot price-that is, φ 1pcrop . In addition, we say that the land has some residual value, denoted byṽ landres , coming from crops production in future periods or from other uses (e.g., construction). Hence, the payoff of the B-asset is:ṽ
Generally, the residual valueṽ landres may be related toθ andε A , and particularly toθ, because to the extent thatθ is interpreted as factors affecting consumers' wealth,θ will affect the other uses of the land and hence its residual value. Hence, we assume:ṽ
whereη B ∼ N 0,σ 2 η (with σ η > 0). Bothε A andη B are independent ofθ ; they may or may not be correlated with each other. Equations (4), (5), and (6) combine to imply that the B-asset's payoff is
We can relabel (φ 1 +φ 2 ) as φ, and (φ 1εA +η B ) asε B , which would then give exactly the same asset payoff structure of asset B as in Equation (1). In particular,ε B is naturally positively correlated toε A .
Other examples
In the previous subsection, we formally derived a basic setup where our model assumptions arise quite naturally. In this subsection, we briefly describe some other motivating examples for our model without formal derivations. We wish to demonstrate that our basic setup, whereby some investors trade in a broader set of markets than others while prices are generally observable to all investors, is quite general and captures many real-world settings. We provide more general comments in Section 3.3.
International markets.
Despite the benefit of international diversification, most investors invest only in the domestic market. In fact, "home bias"-the phenomenon that investors allocate a relatively large fraction of their wealth to domestic equities-represents one of the unresolved puzzles in the international finance literature (See Lewis 1999 and Karolyi and Stulz 2003 for excellent surveys). Conversely, some investors frequently trade in markets of different countries. For example, a popular strategy of hedge funds is global macro trading that bases its holdings-such as long and short positions in various equity, fixed income, currency, and futures markets-primarily on overall economic and political views of various countries. When they anticipate superior investment opportunity in one market, hedge funds buy securities in this market, and to hedge their risk exposure, they simultaneously sell similar securities in a different market. Mapping into our model, investors who restrict their investments in the domestic market are S-traders, while international arbitrageurs such as global macro hedge funds are L-traders. 
CDS markets.
As the most liquid and popular product, CDS accounts for more than two-thirds of all outstanding credit derivatives, which have undergone tremendous growth during the past decade. 10 While traditional institutional investors, such as pension funds and insurance companies, typically adopt a buy-and-hold strategy in their investments in cash corporate bonds, hedge funds and proprietary trading desks of investment banks actively participate in the CDS markets. Buying CDS is similar to shorting the underlying corporate bond. The difference between CDS rates and corporate bond yield spreads is the CDS-bond basis. When the basis is negative (positive), hedge funds and proprietary traders typically buy (sell) CDS and, at the same time, long (short) the underlying corporate bond. This is called the CDS-bond basis arbitrage. In this example, the S-traders are traditional investors who trade only corporate bonds, and the L-traders are hedge funds and proprietary traders that trade both corporate bonds and CDS.
Convertible bond markets.
A convertible bond is a bond that can be converted into the issuing company's stock in the future. Convertible bond issuance has increased dramatically in recent years, from $7.8 billion in 1992 to $50.2 billion in 2006 (Securities Data Corporation [SDC], Global New Issues database). The dominant player in this market is convertible bond arbitrage hedge funds, who purchase 70% to 80% of the convertible debt offered in primary markets (e.g., Choi, Getmansky, and Tookes 2009). When a hedge fund has favorable information about a company, its common strategy is to buy the company's convertible bonds in hope of exchanging them for stocks when the stock price rises in the future and, at the same time, to short stocks of the same company to hedge itself. 11 At the same time, more traditional investors like retail investors and mutual funds typically stay away from the convertiblebonds market. Hence, the S-traders are those investors who trade only stocks, and the L-traders are the hedge-fund type of investors who trade both stocks and convertible bonds.
Index futures markets.
Index futures are widely used in the financial markets of many countries. One common strategy is index arbitrage, which is done by simultaneously buying (or selling) a stock index future while selling (or buying) the stocks in that index. The report from the Commodities Future Trading Commission and the Securities and Exchange Commission (CFTC-SEC) (May 2012) identifies one source of the flash crash of May 6, 2012, as those index arbitrageurs who opportunistically buy S&P 500 futures contracts (the "E-Mini" contracts) and simultaneously sell products like S&P 500 exchange-traded funds, or selling individual equities in the S&P 500, which transferred the selling pressure in the futures market to the equities markets. In this example, individual investors (S-traders) are more likely to concentrate on the trading of the component stock of the index or the stock index, while hedge funds (L-traders) are more likely to engage in index arbitrage by trading in both the equity and index futures markets.
Human capital and entrepreneurship.
More generally, our model appeals to the broad hedging activity that entrepreneurs engage in. Since a lot of their human capital is invested in their firms, entrepreneurs may try to hedge this firm-specific risk by short-selling the firm's stock or the stocks of other firms in the same industry. Hence, like the L-traders in our model, their actions may be interpreted as taking speculative positions in their human capital (which is the B-asset) while short-selling related stocks (which are A-assets).
At the same time, other traders in the economy have access only to the traded stocks, and so they use them for speculative trading. 12
Market segmentation and price observability
The variety of markets covered in the previous two sections share two common features. First, markets are segmented in that L-traders trade both risky assets (A-asset and B-asset) while S-traders trade only one risky asset (A-asset). Therefore, L-traders have a larger investment opportunity set than S-traders. Second, even though S-traders do not trade the B-asset, they can observe the price of the B-asset and make rational inferences from prices. These two features underlie our model. We now explain more generally their joint empirical relevance. First, in some scenarios, the B-asset is simply not accessible to S-traders. This is most easily seen in the human capital example. Speculators in financial markets simply do not have the ability to make the human capital investments that entrepreneurs or employees are making. Yet, the "prices" or "returns" to this human-capital investment can be easily observed by the speculators. For example, in the case of public companies, SEC requires clear, concise, and understandable disclosure about compensation paid to CEOs, CFOs and certain other high-ranking executive officers. In fact, with the development of the Internet, salaries are increasingly transparent. Many websites and forums provide free salary information by location and occupation. However, even though one can observe the increasing pay to one profession, say, doctors, a person is not able to immediately switch to this profession, as the needed skills require years of training.
Second, many trading strategies-for example, CDS-bond basis arbitrage, convertible bond arbitrage, index arbitrage-typically involve short-selling and the usage of derivatives, which are often used by hedge funds facing fewer regulations (see the discussion in Stulz 2007) . In contrast, retail investors or traditional institutional investors-that is, mutual funds, pension funds, and insurance companies-typically have more trading constraints. Almazan, Brown, Carlson, and Chapman (2004) provide a comprehensive examination of investment constraints for mutual funds. They document that roughly 70% of mutual funds explicitly state (in Form N-SAR that they file with the SEC) that they are not permitted to sell short. Koski and Pontiff (1999) find that 79% of equity mutual funds make no use of derivatives whatsoever (either futures or options). Anecdotal evidence suggests that pension funds also stay away from derivatives and CDS. For example, Erwan Boscher, head of Liability-Driven Investing and Fiduciary Management at AXA Investment Managers, one of the world's largest asset managers, says: "Using market instruments like CDS and out of the money equity puts were suggested as a way of hedging sponsor risks, but we seldom see them implemented because of the cost, liquidity or reputational risks for the sponsor" (Reuters, March 30, 2012) . Therefore, it is clear that many traditional investors stay away from many markets, such as derivative markets. At the same time, it is clear that they can observe the prices of derivatives and other related securities from various sources and that they can use these prices to guide their investment decisions.
Third, even without trading constraints, funds typically invest according to their "style." A prominent feature of the financial industry is called "style investing," where assets are categorized into broad classes such as large-cap stocks, value stocks, government bonds, international assets, and so on. An increasing trend is that mutual-fund managers and pension-fund managers identify themselves as following a particular investment style, such as growth, value, or technology (Barberis and Shleifer 2003) . The performance of a fund style and individual funds can be easily located on websites like Morningstar. However, as documented in Fung and Hsieh (1998) , there is little evidence of asset class rotation in mutual fund styles. Therefore, a value fund typically will not invest in corporate bonds, and a domestic fund will not invest in international markets. Hence, while these funds will surely use broad price information to improve their trading strategy, they will not trade as freely across markets and asset styles.
Finally, market segmentation can also arise for other reasons. In the international context, a variety of theories have been put forward to explain the "home bias" puzzle. In his presidential address, Duffie (2010) suggests that due to slow movement of investment capital, many trading opportunities cannot be exploited by investors who want to take advantage of them.
For all these underlying causes, market segmentation emerges as a natural phenomenon we observe in financial markets. At the same time, progress in information technology has considerably increased investors' access to price information in real time. Our model thus captures this realistic feature that information "travels" more quickly than capital so that traders can watch the prices of assets that are not in but are related to their portfolios, and adjust their trading strategies accordingly.
That traders learn information from different markets is a common phenomenon. As mentioned in (Biais and Hillion, 1994, 747) , "market makers in the stock and in the option markets have the same information set; that is, they can monitor perfectly and simultaneously orders and trades in both markets. In most actual exchanges, the stock and the options are traded separately. For example, options on stocks listed on the NYSE are traded on the AMEX or in Chicago. Information flows rapidly across markets, however." Cespa and Foucault (2012) also assume that markets for different assets have become more interconnected as liquidity suppliers in one asset class increasingly rely on the information contained in the prices of other asset classes to set their quotes. Singleton (forthcoming) finds that participants in commodity markets are actively drawing inferences about future spot prices of commodities from the prices in other markets. Sockin and Xiong (2013) construct a model to capture the possibility that information in commodity futures prices can feed back to traders' commodity demand and affect the spot prices.
All the above examples suggest that markets are segmented in terms of the ability to move capital across markets and trade in different markets due to various frictions, but not so much in terms of price information. In other words, capital is relatively segmented and slow moving (e.g., Duffie 2010), but information is relatively integrated and fast moving, and traders actively use this information (e.g., Cespa and Foucault 2012) . This notion of segmentation/integration is very relevant given the improvement of information technology on the one hand and the specialization and delegation of investment on the other hand.
In the next section, we turn to the analysis of our model that features these characteristics and show that in such an environment, traders, who have related pieces of information but have different investment opportunity sets, may wish to trade an asset in different directions, which can reduce price informativeness and therefore have important pricing and learning implications.
Trading and Prices
We start by analyzing trading behavior and prices in the financial market, given the fraction of S-traders, who choose to become informed. We denote this fraction as μ. The equilibrium concept that we use is the rational expectations equilibrium (REE), as in Grossman and Stiglitz (1980) . In equilibrium, traders trade to maximize their expected utility given their information set, where L-traders and informed S-traders know {θ,p A ,p B }, while uninformed S-traders know {p A ,p B }. Prices of assets A and B are set to clear the markets. We now turn to a detailed derivation of the equilibrium.
Price functions
The trading by L-traders and that by informed S-traders are affected by the information set {θ,p A ,p B }, while the uninformed S-traders' trading is affected by the information set {p A ,p B }. In the A-asset market, noise traders demandñ A . Hence, the price of the A-asset is a function of (θ,p A ,p B ,ñ A ): As is the case in most of the literature, we study linear equilibria-that is, wherep A andp B are linear functions of (θ,ñ A ,ñ B ):
where the coefficients are endogenously determined. 13 We first examine the decisions of L-traders and informed S-traders, which in turn determine the information content in pricesp A andp B . We then solve for the decisions of uninformed S-traders, and finally, we use the market-clearing condition to find the coefficients in the price functions. because they have the same information set and because their initial wealth has no effect due to the CARA preference. 13 Note that the prices of the two assets are correlated, as one would expect, given that they are affected by the same fundamentalθ (and also affected by the same shocks to noise trading). However, because the correlation between the residual noise of the two assets is less than perfect (i.e., ρ ∈ (0,1)), our model does not feature a no-arbitrage relationship that ties the prices of the two assets together. Traders, who trade the two assets, will always be exposed to some residual risk. For example, take the case of the futures market exhibited in Section 3.1, in which the price of the B-asset (land) is affected by the other uses of land that do not affect the price of the A-asset (futures contract on crops).
Traders' demand 4.2.1 L-traders. L-traders have information
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Given the assumptions of CARA preferences and normal distributions, their optimal investments in the risky assets are
In both equations, the first term represents speculation-based trading and the second term represents hedging-motivated trading. For example, the first term in (8) says that L-traders demand more of the A-asset when
is the difference between the expected future valueṽ A of the A-asset-given L-traders' private informationθ -and its prevailing pricep A , and so if (θ −p A ) is high, it means that asset A is undervalued relative to its fundamental, which attracts the Ltraders to buy it. In this sense, the first term in (8) captures L-traders'speculative behavior in the A-asset based on their private information about asset A's payoff v A . For a similar reason, the first term in (9) represents L-traders' speculation in the B-asset: they demand more of the B-asset when φθ −p B = E(ṽ B |θ )−p B is high-that is, when the B-asset's price is low relative to its expected payoff estimated based on L-traders' private information.
The second term in (8) says that L-traders demand less of the A-asset when (φθ −p B ) is high, because then holding the B-asset becomes more profitable (through the first term in (9)), and so they reduce their demand for the A-asset to hedge their speculative positions in the B-asset, just in case that their speculation on the B-asset fails. Hence, this term represents their hedging-motivated trading in the A-asset. Again, similarly, the second term in (9) represents the hedging component in L-traders' demand for the B-asset.
More important, in both markets, the speculative trading responds positively to the change in informationθ, while the hedging-motivated trading responds negatively to the change in informationθ . Their relative strength determines the overall sensitivity of L-traders' trading in a particular asset to informatioñ θ . We define
to capture these overall sensitivities in the two markets, respectively. If δ L A > 0, the speculative trading motive dominates the hedging trading motive in the A-asset, so that an increase inθ will cause L-traders to demand more of the A-asset, and we say that in this case they trade asset A "mainly for speculation." In contrast, if δ L A < 0, the opposite is true, and we say that L-traders trade asset 
In particular, informed S-traders engage in speculative-based trading only in asset A, and they always increase their demand for this asset following an increase inθ . Specifically, the sensitivity of their demand for the A-asset to an increase inθ is captured by the following variable: 
Using the analysis of the behavior of L-traders and informed S-traders, the two risky asset prices imply two public signals to the uninformed S-traders. Specifically, the market-clearing condition in the B-asset market is:
that is, the sum of demands from L-traders and from noise traders equals the aggregate supply. Substituting L-traders' demand for the B-asset in (9) into the above condition, moving the pricesp A andp B to the RHS, and dividing both sides by λδ L B , we find
which is observable to uninformed S-traders, since the pricesp A andp B are public information and all other constants are common knowledge. So, (16) represents the following public signal to the uninformed S-traders:
Similarly, using the market-clearing condition in the A-asset market, (8) and (12), we can obtain another public signal to the uninformed S-traders:
Hence, by Equations (17) and (19), and after applying Bayes' rule, we have
and
where
Plugging (20) and (21) into (14), we get the demand of uninformed traders. 
Market clearing
As mentioned above, in equilibrium the sum of demands has to equal the supply in both risky assets. For the A-asset, the market-clearing condition is given by Equation (18), while for the B-asset, it is given by Equation (15). Note that by Walras' law, given that the markets for the risky assets clear and the budget constraints hold, the market of the riskless asset also clears. 15 Plugging (8)- (14) into (15) and (18), and solving for the pricesp A andp B , we prove the following proposition. 
Speculation, Hedging, and Price Informativeness
The interesting aspect of the setup studied in our paper is the hierarchy in investment opportunities-namely, only L-traders can trade the risky B-assetand the resulting interesting possibility of δ L A < 0 and δ I A > 0, i.e., that L-traders and informed S-traders can trade the common risky A-asset differently in response to informationθ. In this section, we study the implications of this feature for the informativeness of the price system and hence asset prices at the trading stage when the size μ of informed S-traders is exogenous. In the next section, we will endogenize μ to examine the implications for the information acquisition decisions.
In this section, we particularly focus on the effect of the parameters λ, μ, and φ. Recall that λ and μ, respectively, capture the sizes of the L-traders population and the informed S-traders population, who can possibly trade the A-asset against each other in response to the same information, and thus these two parameters will determine the relative strength of the two possibly opposing forces of incorporating informationθ into the price system. Parameter φ is the sensitivity of the B-asset to the information, which is associated with the advantage held by the L-traders, and it represents the strength of L-traders' enlarged investment opportunity set in financial markets.
Price informativeness
In our measurement of price informativeness we try to capture the amount of uncertainty aboutθ that is reduced by observing the two pricesp A andp B .
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This is similar to the amount of information gleaned by the uninformed traders from the prices. Hence, we define price informativeness as:
where the second equality follows from Equation (22). This concept is consistent with using k to measure the informativeness of a signal (θ +k −1ñ ). The two endogenous parameters k A and k B (that depend on λ, μ, and φ) are taken from (17) and (19):
where the second equalities in the above two equations follow from the definitions of δ A represents the trading of informed S-traders. As we mentioned above, the key insights of our model stem from the fact that these two terms may have opposite signs, indicating that, in response toθ, L-traders and informed S-traders are trading the A-asset in opposite directions. This will happen when the hedging-based trading of L-traders in the A-asset dominates their speculative-based trading in this asset, so that δ L A < 0. Then, an increase inθ causes them to increase their demand for the B-asset for speculative reasons and at the same time reduce their demand for the A-asset to hedge their position in the B-asset. Since S-traders only trade the A-asset, they only engage in speculative-based trading in this asset, and so they always increase their demand for this asset following an increase iñ θ -that is, it is always the case that δ I A > 0. The fact that different traders trade in opposite directions in response to information reduces the ability to infer information from the price. This may generate some interesting implicationsfor example, that increasing the size of the informed-traders population (either λ, the size of the L-traders population, or μ, the size of the informed S-traders population) may reduce the informativeness of the price system. This is against the implications of traditional models, where having more informed traders is beneficial for informativeness.
Specifically, we have the following proposition, which formalizes the effect of the sizes λ and μ of the informed-traders population on price informativeness. As the proposition shows, increasing the size (λ or μ) of the informedtraders population will have a negative effect on price informativeness when two conditions hold. The first condition is that, in response to informationθ , the L-traders, who have a larger investment opportunity set and can trade both risky assets, are trading the A-asset in opposite direction to the informed S-traders (i.e., δ L A < 0 and δ I A > 0). By Equation (10), this occurs when
and so the hedging-motivated trade by the L-traders is sufficiently strong. It is useful to understand in detail when this condition holds, as there are four parameters that go into it. First, this condition is more likely to hold when φ is large, since φ captures the sensitivity of the B-asset to information, and so when it is large, L-traders are more likely to take a speculative position in the B-asset and a hedging position in the A-asset. Second, the condition is more likely to hold when the correlation ρ between the noise terms of the two assets is larger, as then hedging plays a greater role. Third, the condition is more likely to hold when σ εA is larger, and so there is more noise in the payoff of the A-asset. In this case, the A-asset becomes more suitable for hedging than for speculating. Fourth, for a similar reason, the condition is more likely to hold when σ εB is smaller. Overall, condition (26) is the key in our paper, as it summarizes when L-traders trade the A-asset based on the signalθ primarily for hedging rather than for speculative purposes.
The second condition for λ or μ to have a negative effect on price informativeness is that it be sufficiently small. Take the effect of λ in part (i) of Proposition 2 as an example. When λ is large, trading by the L-traders is dominant for the determination of price informativeness, and so when there is more of it, price informativeness increases. But, when λ is small, the trading by the informed S-traders becomes more important and it is the one that determines price informativeness, and so the fact that more L-traders trade against the informed S-traders reduces the overall informativeness. This result suggests that, under the above-mentioned conditions in part (i) of Proposition 2, increasing the presence of L-traders-for example, commodity hedgers in commodity futures markets or hedge funds in other financial markets-will reduce price informativeness.
Next, we look at the effect of φ on the informativeness of the price system. This is summarized in the following proposition.
Proposition 3. For a sufficiently small φ, ∂I ∂φ < 0; that is, the informativeness of the price system decreases in the sensitivity of the B-asset to information. For a sufficiently large φ, ∂I ∂φ > 0.
According to the proposition, an increase in the sensitivity of the B-asset to the signalθ may lead to a reduction in the overall informativeness of the price system. First, note that in a model with one asset and no endogenous hedging, this would not be the case. In such a model, when the asset is more sensitive to the information, traders trade more aggressively on the information, leading to greater informativeness. But, in our model, this intuition might get reversed. In general, when φ is low, in response to the signalθ , both types of traders use the A-asset for speculation, and L-traders use the B-asset for hedging. Then, prices are relatively informative. But, then, an increase in φ induces L-traders to start speculating more with the B-asset and hedging more with the A-asset, and this goes against the direction of trade of S-traders and reduces price informativeness. Hence, the implication is that having a more informationally sensitive asset that is only available to some informed traders, might reduce overall price informativeness.
Cost of capital
One important implication of price informativeness is its effect on asset prices. We will focus our analysis on the A-asset, and examine the following variable:
that is, the expected difference between the cash flow generated by the Aasset and its price, where the expectation is computed with respect to the prior distribution (beforeθ is observed). The variable CC is of interest to various markets mentioned in Section 3. For example, in the commodity futures market, it corresponds to the futures risk premium per share, or the negative of futures price bias, which has attracted much attention of the futures market literature. In many other motivating examples listed in Section 3.2, the A-asset is a stock issued by the firm, whereas the B-asset is likely to be a derivative that only certain traders have access to. So, the variable CC is "the return that an outside observer could compute per share" (Easley and O'Hara 2004, 1561) , and hence it is the cost of capital per share that the firm faces when issuing the stock. For this reason, we follow the literature and refer to variable CC as the "cost of capital." From the proof of Proposition 1, we then know that
where is an endogenous coefficient as defined in the proof of Proposition 1:
which represents the average forecast precision about future payoff of asset A. The first term on the right-hand side of (29) captures the residual risk borne by the informed traders-that is, L-traders and informed S-traders-due to the uncertainty aboutε A . The second term captures the risk borne by the uninformed S-traders, who face additional risk due to not knowingθ (and trying to infer it from the price). Combining (29) with (28), we can see that the cost of capital increases in the risk that traders are exposed to per unit of the asset and in the supply of the asset (which increases the total amount of risk that has to be absorbed). It decreases in the size of the traders population, since when there are more traders, the risk can be shared more broadly. 16 The implications of price informativeness are then clear. From (23), (28), and (29) and since V AR(ṽ A |p A ,p B )= V AR(θ |p A ,p B )+σ 2 εA , an increase in price informativeness leads to a decrease in the cost of capital, as uninformed S-traders are exposed to less risk when they observe more information in the price. Then, the following corollary immediately follows from Proposition 3. Similarly, we can analyze the effect of the size (λ or μ) of the informedtraders population on the cost of capital. This is, however, not so obvious, since λ and μ affect the cost of capital not only via the informativeness of the price. There is also a direct effect, by which an increase in the size of the informedtraders population implies that there is less risk to be spread, and so the cost of capital decreases. Still, we can prove the following proposition. (ii) If μ is sufficiently small and φ is sufficiently large, then ∂CC ∂μ > 0; that is, the cost of capital increases in the size of the informed S-traders population. Otherwise,
The intuition is simple. Regarding part (i), we know from part (i) of Proposition 2 that when λ is small and when L-traders use the A-asset primarily for hedging purposes, an increase in the size of the L-traders population reduces price informativeness, and this has a positive effect on the cost of capital. This effect will dominate the direct negative effect of λ on the cost of capital when traders have a strong incentive to speculate in the B-asset and hedge with the A-asset-that is, when either φ is sufficiently large or σ εB is sufficiently small. A similar intuition explains part (ii) of Proposition 4.
Empirical and policy implications
The analysis thus far has revealed the unique implications coming out of our model: namely, because of segmentation, different traders trade a given asset for different purposes-that is, speculation versus hedging-and respond differently to the same information. This affects the informativeness of the price system and the cost of capital. We now describe empirical and policy implications coming out of this analysis for some of the applications covered in Section 3.
Futures risk premium.
Relying on the setup in Section 3.1, our analysis helps to understand price determination in commodity futures markets. There is a long-standing literature on the determinants of commodity futures premiumthat is, the average difference between the future spot price of the commodity and the current commodity futures price. The theory of normal backwardation (Keynes 1930) states that speculators, who take the long side of a commodity futures position, require a risk premium for hedging the spot price exposure of producers. Hence, the futures price will be below the expected future spot price. Hirshleifer (1988a Hirshleifer ( , 1988b ) studies the interaction between hedgers and arbitrageurs in determining futures premium. The theory of storage (see, e.g., Gorton, Hayashi, and Rouwenhorst 2013) links this premium to inventory management.
The literature on commodity futures markets did not pay much attention to asymmetric information and learning and the effect they may have on prices and risk premia. Going back to Grossman and Stiglitz (1980) , asymmetric information and learning have been known to have a major effect on prices in general financial markets, but, by and large, this has not been applied to the context of commodity futures markets. 17 As we argue in Section 3.1, and following the literature on commodity futures markets, one important feature of such markets is that they are segmented, given that speculators trade only the commodity futures, while commodity producers and hedgers trade the futures contracts but also the inputs and commodities themselves. This feature is captured well by our model, and so our model is a natural application of the Grossman-Stiglitz framework to the context of commodity futures markets. Hence, our paper can shed light on the commodity futures premium from the angle of asymmetric information and learning. This emphasis on the informational channel is consistent with the recent empirical evidence provided by Singleton (forthcoming), who shows that participants in commodity-related markets actively collect information from prices.
According to the setup provided in Section 3.1, the cost of capital CC of the A-asset is the commodity futures premium. This is the difference between the at University of Pennsylvania Library on April 13, 2014 http://rfs.oxfordjournals.org/ Downloaded from expected payoff and the current price of the commodity futures contract. Given that the futures contract has an aggregate supply ofx A = 0, Equation (28) εA > 0; that is, "backwardation" holds in our setup. This is because on average, L-traders hedge by shorting asset A in our economy, and, as shown by Equation (A2) in Appendix A, their overall average hedging pressure is ρx B σ εB σ −1 εA . 18 The futures premium will then be this hedging pressure divided by the average forecast precision about the future commodity payoff, = λ+μ γ σ 2
. Our analysis reveals the effect of changes in the population of informed traders (λ and μ) on this average forecast precision and hence on the futures premium; see Proposition 4.
More specifically, our results on the size μ of informed S-traders in Propositions 2 and 4 demonstrate the implications of the financialization of commodity futures markets for the futures risk premium. In recent years, financial institutions have greatly increased their investments in commodity futures, which can be viewed as an increase in the parameter μ. Propositions 2 and 4 state that increasing μ has a non-monotone effect on price informativeness and the cost of capital (i.e., futures premium). In particular, when μ is small, the increase in μ can reduce informativeness and increase the futures premium, which might be perceived as an undesirable outcome.
For empirical testing of our model, data on the population of traders are readily available from CFTC. For every futures market with a certain level of market activity, prior to September 2009, the CFTC's weekly Commitment of Traders (COT) reports provide information on the open interest for two categories of traders: "commercial" (L-traders) versus "non-commercial" (Straders). The "commercial group" engaged in business activities hedged by the use of the futures or option markets, and the "non-commercial" group aggregates various types of mostly financial traders, such as hedge funds, mutual funds, floor brokers, and so on. Since September 4, 2009, COT reports further split commercials between "traditional" commercials (producers, processors, commodity wholesalers or merchants, etc.) and commodity swap dealers. They also now differentiate between managed money traders (i.e., hedge funds) and "other non-commercial traders." . This expression is consistent with Hirshleifer's (1988b Hirshleifer's ( , 1212 Hirshleifer's ( -1213 decomposition of the optimal futures position into two components-that is, one speculation-based component to exploit the expected profit that can be achieved when futures premium is non-zero and one hedging-based component for risk reduction. The average
funds is that they trade across many markets, including stock markets, bond markets, derivative markets, and so on. This is in contrast to retail investors and traditional institutional investors (mutual funds and pension funds) who tend to focus on traditional markets and within certain styles of investment (and hence will fit the definition of S-traders in our model). On the policy front, our model speaks to the regulation of hedge funds, which is a very hotly debated topic these days. Propositions 2 and 4 state that the effect of increasing hedge fund presence depends on its current trading size λ. Holding other things constant, the increase in trading by hedge funds is more likely to be detrimental to informational efficiency when their current size in the market is small. It is in this case that their trading against the direction of trade of others that confuses the market and reduces price efficiency. This result is in contrast to the traditional argument stating that if the trading of hedge funds is small, it will do no harm to the market. For example, after the 1997 Asian Currency Crisis, the International Monetary Fund was called upon to study the effect of hedge funds on markets, leading to a study by Eichengreen et al. (1998) . Eichengreen et al. (1998) interviewed market participants to obtain estimates of hedge fund positions, and argued that there is little reason to believe that hedge funds are more likely to overwhelm a market than other large traders, as the capital available to hedge funds is small compared with that available to other large investors such as commercial banks, investment banks, insurance companies, and corporations. The informational channel highlighted in our model suggests that the trading by hedge funds can negatively affect the efficiency of prices through affecting the trading of other market participants who infer information from prices. This is particularly true when the size of the trading of hedge funds is small. Specifically, the small trading of hedge funds can make other market participants confused about the true fundamental value, and so prices can become inefficient and the market can be very volatile (which will be explained in the next section analyzing the information market).
As far as empirical analysis is concerned, our model offers a number of predictions regarding the effect of the magnitude of hedge fund activities on market efficiency, risk premium, and so on. Coming up with an empirical proxy for λ can be challenging given that hedge funds are not obliged to report positions to regulators. Fung and Hsieh (2000) use the performance data of hedge funds to estimate their exposures during a number of major market events. Choi, Getmansky, and Tookes (2009) use changes in equity short interest following convertible bond issuance to identify convertible bond arbitrage activity of hedge funds. Another proxy for λ can be obtained through the 13F institutional ownership data (e.g., Agarwal et al. 2013) . Finally, it is well known that hedge funds' trading strategies heavily depend on leverage. Therefore, if one is interested in conducting an aggregate timeseries analysis, a plausible measure for λ is the ease of hedge funds' access to capital. In practice, one can use the growth in intermediaries' assets relative to household assets as suggested in Etula (2010) and Adrian and Shin (2010) .
The effect of derivatives trading.
Since the B-asset is a derivative asset in many of the scenarios described in Section 3.2, Propositions 2 and 4 provide a framework for examining the effect of derivatives trading on the main underlying market. There has been a long debate on whether derivative markets benefit or harm the market of the underlying assets (see the survey in Mayhew 2000) . Recently, with the rapid growth of derivative markets, hedge funds, and multi-security trading strategies, the question of how derivative markets affect the primary market quality has re-emerged as a central issue of debate among academics and policy makers. Notably, the CDS market has been particularly controversial. 19 A popular view is that the CDS markets may have contributed to the recent credit crisis, which has led George Soros and others to call for most or all trading in CDS to be banned.
Several empirical studies have been conducted to examine the effect of CDS trading on the underlying corporate bond market. Li, Zhang, and Kim (2011) provide a comprehensive empirical analysis on the implication of CDS-bond basis arbitrage for the pricing of corporate bonds. They show that arbitrageurs introduce new risks into the corporate bond market, which was dominated by passive investors before the existence of CDS. Using an extensive sample of CDS and bond trades over 2002 -2008 , Das, Kalimipalli, and Nayak (2011 find that the trading of CDS was largely detrimental, making bond markets less efficient. In a systematic and informative study, Boehmer, Chava, and Tookes (2012) provide evidence that the trading in different derivative markets affects the equity market in different ways. Firms generally benefit from the equity options market in that they have more efficient stock prices. By contrast, firms with traded CDS contracts have less efficient stock prices. The existence of publicly traded bonds derivatives has a more mixed, but generally negative effect.
Why does the trading of different derivatives have different effects on the main market? According to our model, there are different parameters characterizing the derivative asset (the B-asset): the coefficient on the fundamental in its asset payoff (φ), the correlation between the two error terms of the A-asset and B-asset (ρ), the variance of noise in the B-asset (σ εB ), and the mass of L-traders (λ). These parameters will affect whether the trading in a derivative market (B-asset market) will harm or improve overall price 19 See, e.g., Testimony Concerning Credit Default Swaps by Erik Sirri, Director, Division of Trading and Markets, U.S. Securities and Exchange Commission, Before the House Committee on Agriculture, October 15, 2008: "The SEC has a great interest in the CDS market because of its impact on the debt and cash equity securities markets and the Commission's responsibility to maintain fair, orderly, and efficient securities markets. These markets are directly affected by CDSs due to the interrelationship between the CDS market and the claims that compose the capital structure of the underlying issuers on which the protection is written. In addition, we have seen CDS spreads move in tandem with falling stock prices, a correlation that suggests that activities in the OTC CDS market may in fact be spilling over into the cash securities markets." efficiency. Hence, since different derivative markets might have systematic differences in these model parameters, these can help explain their different effects on the underlying market. Conducting a sharp empirical test informed by our theory will require one to get a handle on the empirical proxies for the parameters φ, ρ, σ εA , and λ and test our main propositions.
Learning Complementarities, Multiplicity, and Price Jumps
Information market and learning complementarities
After analyzing the trading decisions and price formation at date 1, we now go back to date 0 and analyze the choice made by S-traders on whether to pay the cost τ and become informed or not. An argument similar to that of Grossman and Stiglitz (1980) shows that for a given fraction μ of S-traders that choose to purchase the signalθ , the expected net benefit from purchasing information to a potential purchaser is:
That is, the trader benefits more from acquiring information when the variance of the asset's cash flow conditional on the information in the price system (V AR(ṽ A |p A ,p B )) is significant relative to the variance conditional on knowing the fundamentalθ (V AR(ṽ A |θ,p A ,p B )= σ 2 εA ). Recall that pricesp A andp B are functions of the size μ of informed S-traders, and hence the benefit π of purchasing information is a function of μ. Analyzing the benefit function π (·) enables us to determine the equilibrium fraction of informed S-traders, μ * . If π (0) < 0 (i.e., a potential buyer does not benefit from becoming informed when no S-traders are informed), then there exists an equilibrium in the information market with μ * = 0 (i.e., where no one purchases information). If π (1) > 0, a potential buyer is strictly better off by being informed when all other S-traders are also informed. Then, there is an equilibrium where all S-traders are informed-that is, μ * = 1. For an interior fraction of informed S-traders (0 <μ * < 1), if every potential buyer is indifferent between becoming informed and remaining uninformed, i.e., π (μ * ) = 0, then that fraction μ * represents an equilibrium fraction of informed S-traders.
Our focus here is on a particular feature of the benefit function π (·). We are interested in its shape, which determines whether information acquisition is a strategic complement or substitute. As we show later, this has implications for equilibrium multiplicity and the potential for price jumps. If π (·) is increasing (decreasing) at μ ≥ 0, then information acquisition is a strategic complement (substitute) at that fraction μ. Under strategic complementarity (substitutability), S-traders' incentive to acquire information increases (decreases) in the fraction of informed S-traders. Formally, we have the following definition:
Definition 1. [Strategic complement/substitute in information acquisition]
If π (μ) > 0, then learning is a strategic complement at μ, and if π (μ) < 0, then learning is a strategic substitute at μ.
The traditional Grossman-Stiglitz framework exhibits strategic substitutes in information acquisition, as an increase in the proportion of traders who become informed implies that the price becomes more informative, and so the incentive to produce information, for traders who observe the price, decreases. As we will show, our model with segmented markets may generate an opposite force that gives rise to strategic complementarities in information acquisition. This has important implications, as strategic complementarities lead to multiple equilibria, which are sometimes interpreted as a source of instability in financial markets.
By Equation (30), we know that
and the price-informativeness I ,
That is, the condition for strategic complementarities in information acquisition is that an increase in the fraction of informed S-traders makes the price system less informative, thereby increasing the incentive of the uninformed S-traders to become informed. The following proposition uses this observation to derive the ranges of parameters for which our model exhibits strategic complementarities versus substitutes. The intuition is as follows. In response to informationθ , informed S-traders trade the A-asset for speculative reasons. At the same time, L-traders trade it both for hedging and for speculative reasons. When φρσ εA σ −1 εB > 1, their trading of the A-asset is mainly for hedging reasons, and hence in this case, the trades of the informed S-traders respond toθ in opposite direction to those of the L-traders. Then, as long as the mass of informed S-traders is not very large (i.e., below ), the informativeness of the price is driven by the trades of the L-traders, and adding more informed S-traders, who trade in the opposite direction, reduces the informativeness. This leads to the complementarity in information acquisition, as having more informed S-traders increases the incentive of other S-traders to become informed.
Note that this intuition is identical to the intuition behind Propositions 2 and 4. There, our focus is on price informativeness and asset prices due to the fact that both types of informed traders respond toθ in opposite directions. The additional implication here is that this leads to complementarities in information acquisition, as then uninformed S-traders find it more beneficial to acquire information.
Interestingly, the proposition provides implications as to when complementarities are more likely to arise. This is the case when the sensitivity of the B-asset to information (φ) is higher and when the mass of L-traders (λ) is higher. Hence, take the example of the futures commodity market: complementarities among financial institutions in acquiring information before trading the futures contracts will arise when there are more commodities producers who participate in the futures market for hedging reasons.
Multiplicity and price jumps
We now explore the implications of learning complementarities for equilibrium outcomes in the information market. The following proposition characterizes equilibrium outcomes and reveals that a necessary condition for multiple equilibria in our model is the presence of learning complementarities. Proposition 6. If π (0) < 0 and max μ∈ [0, 1] , or equivalently, if (λ,γ ,τ,ρ,φ,σ θ ,σ εA ,σ εB ,σ nA ,σ nB ) ∈ R multiplicity , where R multiplicity is given by Equation (A5) in the Appendix, then there will be three equilibria in the information market: μ * = 0, μ * = μ 1 , and μ * = μ 2 , where μ 1 ,μ 2 ∈ (0,1], μ 1 <μ 2 , and only μ * = 0 and μ * = μ 2 are stable equilibria. Otherwise, there is a unique (stable) equilibrium.
As the proposition shows, for multiple equilibria to arise, the net benefit from information acquisition must be negative at μ = 0 and positive at some μ>0. Hence, there must be a region where the net benefit from information production is increasing in the mass μ of S-traders who choose to acquire informationthat is, where strategic complementarities exist. We know from Proposition 5 that this happens only when φρσ εA σ −1 εB > 1. Note that the condition of π (0) < 0 for multiplicity in Proposition 6 indicates that when there are multiple information market equilibria, μ * = 0 is always one of them. Moreover, it is a stable equilibrium. The other stable equilibrium can be either an interior equilibrium (as Figure 1 illustrates) or μ * = 1. In addition, there is another equilibrium where μ * > 0, which is not stable. Figure 1 illustrates the possibility of multiple equilibria in the information market in the model. The parameter values are set as γ = 2, λ = 0.5, ρ = 0.8, φ = 2, τ = 0.1158,x A =x B = 1, and σ θ = σ εA = σ εB = σ nA = σ nB = 1. There are three information equilibria, where the corresponding equilibrium fractions of informed S-traders are μ * = 0, 0.73, and 0.94. Among these equilibria, the boundary equilibrium (μ * = 0) and the larger interior equilibrium (μ * = 0.94) are stable, while the other interior equilibrium (μ * = 0.73) is unstable.
The literature (e.g., Barlevy and Veronesi 2000; Garcia and Strobl 2011; Mele and Sangiorgi 2011) has used learning complementarities and the resulting multiple equilibria to explain large movements in stock prices and excess volatility in financial markets. The same is true in our model. Importantly, this does not depend on unexplained shifts across equilibria when different equilibria are possible. Rather, independent of which (stable) equilibrium traders coordinate on, an infinitesimal shift in exogenous parameters can always make traders switch between no-information and high-information equilibria, thereby leading to a discrete jump in asset prices. 20 We illustrate this idea in Figure 2 by examining the effect of changes in the information acquisition cost τ . 21 In Figure 2 , we consider the same parameter values as in Figure 1 , except that we consider a range of values for the information acquisition cost τ . The left panel of the figure depicts the equilibrium fractions of informed S-traders μ * against the information acquisition cost τ , while the right panel depicts the cost of capital E(ṽ A −p A ) against τ . The cost of information τ represents a measure of the easiness of collecting information: a proliferation of sources of information about financial markets leads to easier access to information and corresponds to a low value of τ . As τ falls to slightly below 0.116, the number of information market equilibria jumps from 1 (μ * =0) to 3 (μ * = 0 or 20 In mathematical terms, this means that the derivatives of the equilibrium fraction μ * of informed S-traders and the equilibrium price E (p A ) with respect to some exogenous parameters can take values of infinity. 21 The same idea can be illustrated by examining the effect of changes in other parameters. The results are robust to the choice of parameter values, as long as φρσ εA σ Figure 2 (a), and as τ continues to fall close to 0.107, the number of information market equilibria jumps down from 3 (μ * = 0 or μ * ∈ (0,1]) to 1 (μ * = 1). So, no matter what equilibrium traders coordinate on, it is clear that changes in τ will inevitably induce discrete price jumps, as τ goes through the range of [0.107,0.116] . For example, suppose that, out of the set of possible equilibria, the information market always coordinates on the equilibrium with the largest fraction of informed traders, then as the information cost τ drops slightly below 0.116, there will be a jump in information acquisition from μ * = 0 to μ * = 0.85 in Figure 2 (a), and accordingly, there will be a sharp drop in the cost of capital from 3.13 to 2.49 in Figure 2(b) . In addition, as a result of this jump, stock prices exhibit more volatility than do the underlying fundamentals, leading to excess volatility.
Conclusion
We analyze a model where traders have heterogenous investment opportunities and learn information from observing prices. L-traders have a large investment opportunity set by trading two risky assets, while S-traders have access only to one risky asset. The presence of L-traders with an additional investment vehicle in this segmented setting may have adverse implications for price informativeness. The key intuition is that L-traders have different trading motives in the commonly traded risky asset than S-traders, since they sometimes use it for hedging purposes. The diversity of trading motives may reduce the informativeness of the price and increase the cost of capital. This may also lead to complementarities in information production, as having more S-traders trade against the L-traders reduces the informativeness of the price, and induces more traders to produce information.
Our model captures a key feature of modern financial markets-namely, that capital is relatively segmented and slow moving, but information is relatively integrated and fast moving, and traders actively use this information. This notion of segmentation/integration is very relevant for today's markets given the improvement of information technology on the one hand and the specialization and delegation of investment on the other hand, making it easy for information to flow across markets but putting frictions on the flow of capital. Our analysis provides implications for policy debates and empirical work. In particular, it is useful for understanding the determinants of the futures risk premium and the optimal scope of hedge fund activities.
Appendix A. Proofs
Proof of Proposition 1 Using Equations (9) and (15), we have:
Inserting the above expression into the L-traders' demand for the A-asset (Equation (8)), we have
Plugging the above expression of D L A , the expression of D I A in Equation (12), and the expression of D U A in Equation (14), into the market-clearing condition of the A-asset in Equation (18), we can solve for the pricep A as follows:
Then, substituting the expression ofp A into Equation (A1), we can solve for the expression ofp B .
With a bit more algebra, we get the following coefficients for the price equations in the body of the proposition: 
Proof of Proposition 2
(i) We know from (23) that
. Then, given the definitions of k 2 A and k 2 B in (17) and (19), we get: (ii) Note that I depends on μ only through k A . Hence,
Then, the result follows.
Proof of Proposition 3
We know from (23) that:
For φ sufficiently small, the term φσ
εA is negative, which reflects the fact that L-traders use the B-asset primarily for hedging, and the term 1−φρσ εA σ −1 εB is positive, which reflects the fact that L-traders use the A-asset primarily for speculation; so, it follows that ∂I ∂φ < 0. Similarly, ∂I ∂φ > 0 for φ sufficiently large.
Proof of Proposition 4 (i)
We take derivative of with respect to λ at λ = 0:
It is clear that the above expression is negative when either φ is large enough or σ εB is small enough. Hence, in this case, and when λ is sufficiently small, (ii) Direct computation shows:
Note that 
Proof of Proposition 5
The result stated in the proposition follows directly from part (ii) of Proposition 2.
Proof of Proposition 6
When φρσ εA σ −1 εB ≤ 1, function π is decreasing in μ and there is a unique equilibrium in the information market. This is consistent with Proposition 6: the conditions π (0) < 0 and max μ∈ [0, 1] π (μ) > 0 can never be satisfied simultaneously, and as a result, uniqueness is guaranteed by the proposition.
Consider the case of φρσ εA σ −1 εB > 1. In this case, Proposition 5 demonstrates that function π first increases with μ and then decreases with μ. We have the following three possibilities to discuss.
Suppose π (0) < 0 and max μ∈ [0, 1] π (μ) > 0. Then function π crosses zero either once or twice in the range of [0,1], depending on the sign of π (1). If π (1) < 0, then function π crosses zero twice in the range of [0, 1] , say, at the values of μ 1 ∈ (0,1) and μ 2 ∈ (μ 1 ,1), implying that there are three information market equilibria: μ * = 0, μ 1 , and μ 2 . Among these three equilibria, 0 and μ 2 are stable, while μ 1 is unstable. If π (1) ≥ 0, then function π crosses zero once in the range of [0, 1] , say, at the value of μ 1 ∈ (0,1), and there are still three information market equilibria: 0, μ 1 , and 1. μ * = 0 and μ * = 1 are stable equilibria, while the interior equilibrium μ 1 is unstable.
Suppose π (0) > 0. If, in addition, π (1) ≥ 0, then π (μ) > 0 for all values of μ in the range of (0,1), so that there is a unique information market equilibrium (μ * = 1) and it is stable. If π (1) < 0, then π crosses zero once in the range of [0, 1] , and this value forms the unique equilibrium. (If π (0) = 0, then besides the stable equilibrium in (0,1], μ * = 0 is also an equilibrium, but it is unstable.)
Suppose max μ∈ [0, 1] π (μ) < 0. Then the only equilibrium is μ * = 0, and it is stable. (If max μ∈ [0, 1] π (μ) = 0, then besides 0, the value of μ that achieves the maximum is also an equilibrium, but again, it is unstable.) Finally, we characterize the conditions on multiplicity in terms of exogenous parameters. By the definition of π (Equation (30)) and Equations (17), (19), (20) and (22) 
From the above discussions, we also know that max μ∈ [0, 1] 
Appendix B. Discussion of features of the model
As we argued in the main text, the unique results of our model originate from the segmentation in trading opportunities that comes together with observability of prices across markets. We argued that this setup is empirically relevant in modern financial markets as capital is slow to move due to delegation and specialization, whereas price information is fast moving due to the technology and various data sources. In this Appendix, we demonstrate the importance of these two features of the model for our main results. We start with the role of segmentation in trading opportunities and continue with the role of price observability.
B.1 The role of segmentation in trading opportunities
Consider a model without market segmentation-that is, where both L-traders and S-traders can trade all assets. This is a version of the standard setting studied in the literature going back to Admati (1985) . Analyzing such a model and comparing it with our model will enable us to get a clear understanding of the role that segmentation plays in our model and its results. We conduct this analysis in this subsection. Since the L-traders and the informed S-traders can trade the two risky assets, they are essentially identical, and their demand functions for both assets are given by Equations (8) and (9). We follow the same steps as in our main model and show that the prices imply the following two signals to uninformed traders:θ +h 
Then, the overall informativeness of the price system to uninformed traders is: 
The expression in (B3) is unambiguously increasing in λ and in μ, and so an increase in the mass of informed traders in the model with no segmentation is always beneficial to informativeness. This also implies that the model with no segmentation does not generate strategic complementarities in information production. Hence, it is clear that the results of our model, which were presented and discussed in the main text, depend crucially on the presence of segmentation. Intuitively, when both types of agents can trade both assets, they will make similar choices as to the direction of trade in a given asset in response to information. Our results, where agents trade an asset in different directions in response to the same information, are driven by the differences in their trading opportunities.
B.2 The role of price observability
For our main results to hold, it is important that price information available to L-traders will also be available to S-traders. To see this, suppose that L-traders can still observep A andp B , while S-traders can only observep A . Following the steps in our main model, we now derive the signal that uninformed S-traders extract from the pricep A . The market-clearing condition for the A-asset is:
where by Equations (8) and (12) 
which is an observable signal to the uninformed S-traders. Thus, the overall informativeness is then given by:
It is clear that this is increasing in λ and in μ, so an increase in the mass of informed (either L-or S-) traders is always beneficial to informativeness, and there is no strategic complementarity, just like in the traditional Grossman-Stiglitz framework. . Our results in the main text, according to which price informativeness is sometimes decreasing in λ and in μ, were driven by the fact that this hedging component is decreasing inθ , and so speculative trading and hedging-motivated trading respond toθ in opposite directions in the A-asset market, leading to confusion for uninformed S-traders. However, ifp B is unknown to the uninformed S-traders, the hedging activity of L-traders in the A-asset market does not reveal strong information aboutθ to the uninformed S-traders: in equilibrium,p B changes withθ , and so the hedging component − ρ(φθ −p B ) γ 1−ρ 2 σ εA σ εB does not react negatively toθ. As a result, in this case, price informativeness is not harmed by the fact that speculation and hedging provide different trading motives.
